Abstract-Segmentation of biomedical images is essential for studying and characterizing anatomical structures, detection and evaluation of pathological tissues. Segmentation has been further shown to enhance the reconstruction performance in many tomographic imaging modalities by accounting for heterogeneities of the excitation field and tissue properties in the imaged region. This is particularly relevant in optoacoustic tomography, where discontinuities in the optical and acoustic tissue properties, if not properly accounted for, may result in deterioration of the imaging performance. Efficient segmentation of optoacoustic images is often hampered by the relatively low intrinsic contrast of large anatomical structures, which is further impaired by the limited angular coverage of some commonly employed tomographic imaging configurations. Herein, we analyze the performance of active contour models for boundary segmentation in cross-sectional optoacoustic tomography. The segmented mask is employed to construct a two compartment model for the acoustic and optical parameters of the imaged tissues, which is subsequently used to improve accuracy of the image reconstruction routines. The performance of the suggested segmentation and modeling approach are showcased in tissue-mimicking phantoms and small animal imaging experiments.
I. INTRODUCTION
HE unique capacity of optoacoustics (also termed as 'Photoacoustics') to render optical absorption contrast deep in scattering tissues with high spatial resolution has recently triggered tremendous development of imaging systems based on this technology [1] . In particular, the multispectral optoacoustic tomography (MSOT) technique has Supplementary video is added with the article, relevant code snippets will be made available on demand.
Codes also available at : http://www.mathworks.com/matlabcentral emerged as a powerful tool to resolve spectrally-distinct absorbers by exciting the tissue with short laser pulses at multiple optical wavelengths [2, 3] . In the common implementation of whole-body small animal imaging, MSOT can deliver cross-sectional images of a living mouse in real time by simultaneous collection of optoacoustic signals with a concave array of cylindrically focused transducers [4, 5] . Three-dimensional image data can be then achieved by sample translation along the elevation direction of the array. Similar detection geometries have been implemented in hand-held operation mode to enable clinical translation of the technology [6] . Efficient segmentation of optoacoustic images is essential for both anatomical characterization and enhancement of the image reconstruction performance. For instance, properly selected focus measures applied to the different parts of the reconstructed image can be used as a feedback mechanism to adjust the speed of sound (SoS) of the medium or other reconstruction parameters [7] . Also, image segmentation may enable identification of areas corresponding to different acoustic or optical properties. It has been previously shown that accounting for differences of SoS and attenuation between the imaged tissues and surrounding coupling medium (water) can improve imaging performance [8, 36] . Accounting for strong acoustic heterogeneities can further mitigate image artefacts associated with acoustic reflections and scattering in these areas. Finally, identifying boundaries of regions with different optical properties is important for estimation of the light fluence distribution, which is essential for quantified assessment of chromophore concentration in deep tissues [9] . Accurate image segmentation is generally considered a challenging task in image processing [10] . In optoacoustic imaging, the task is oftentimes exacerbated by the relatively low intrinsic contrast of large anatomical structures, which is further impaired by the limited angular coverage of some commonly employed tomographic imaging configurations. Yet, proper segmentation of boundaries is essential to improve the quantitative performance and overall image quality of optoacoustics. Even when considering relatively homogeneous tissue samples, accurate identification of the outer boundaries is essential for a proper assignment of acoustic and optical properties of the imaged region of interest and the background (coupling) medium [8] 
II. MODELING METHODS
The active contour segmentation employed is described in this section along with the methods utilizing the segmentation mask to correct for SoS heterogeneities and estimate the light fluence distribution within the imaged sample.
A. Active Contour Models
Active contour, also referred to as snakes, is a deformable model widely used in image analysis applications given its flexibility and efficiency [11, 12] . Snakes are generally interactive in nature and demand user input or initial guess, followed by movement of a curve towards the boundary of the object of interest. The mathematical formulation behind the snakes is an energy-minimizing spline, with an associated 'snake energy' as a cost function. The spline is guided by external constrain forces and influenced by image forces which oblige it to converge towards dominant features like lines or edges [13] . In the current study, the classical snake model is used. It involves a controlled continuity spline representing a generalization of Tikhonov stabilization, which can be visualized as a regularization problem [14] , [15] The governing forces for curve evolution are (a) image forces image E that push snakes towards the edge feature and contours, (b) the internal energy int E enforcing a piecewise smoothness constraint, and (c) the external constrained forces c E that put the snakes closer to appropriate local minima. Thus the total energy of the image can be expressed as Further, a morphological image processing sub-unit was added to the image segmentation workflow to generate smoother boundaries. The morphological processes utilized a disc shaped structuring element with 2 pixel diameter. Closing operations were carried out on the segmented (binary) image mask to plug any spurious holes or irregular edge inundations that might be present in the mask due to limited view problems.
It is also worthy of mentioning that, deformable models and active contour segmentation is a highly investigated area in image analysis and several advanced methods viz. active contour without edges [16] , localized region based active contours [17] , geodesic methods [18] etc. exists; however, we limit our current investigation to the classical model postulated by Kass et. al. [13] and design an efficient workflow with the existing algorithm to achieve the goal of segmenting MSOT images and using this information as prior for mapping optical and acoustic inhomogeneity leading to better imaging performance.
B. Correction of light attenuation using segmentation prior
In MSOT, the reconstructed images for each wavelength represent a map of the spatially varying optical energy being absorbed by the tissue. Assuming a uniform Grueneisen parameter in soft biological tissues, the absorbed energy is proportional to the product of the absorption coefficient and the light intensity at a given voxel, i.e., ( ) ( ) a r U r [19] , including optical propagation models, iterative algorithms based on fixed-point methods [20] [21], frequency decomposition of optoacoustic images or logarithmic unmixing of multispectral datasets [22] . Light fluence can be also estimated from the optoacoustic images [23] but the latter need to be properly segmented so that optical properties can be accurately assigned to the different tissues. Here we propose a diffusion-theory-based light propagation model that uses segmented object's boundaries as a method to extract quantified information from optoacoustic images. The photon diffusion equation [24] is assumed to model the light intensity in scattering tissues, i.e. µ is the reduced scattering coefficient. The interface between the scattering and nonscattering medium can be modelled e.g. using the Robin boundary condition [25] :
where ∂Ω is the object boundary and � is the unit vector normal to the boundary pointing outwards. The solution to (5) is obtained numerically using a finite volume method (FVM) solution approach [26] based on the Deal II Framework [27] . In the given framework the elements of the mesh employs a cubical base shape which is deformed and stretched to match the shape of the imaged object. The value of the fluence is thereafter calculated for the nodes and interpolated over the elements using a pre-defined interpolation function to reduce the computational complexity. As opposed to the earlier approaches that employed a geometrical approximation of the thresholded image to generate the FVM mesh and mapping the nodes [26] [27], we herein use the precisely segmented boundary to provide a more accurate basis for generating the mesh.
C. Multiple speed of sound fitting
In a typical MSOT imaging domain, the coupling medium and the imaged object often have different SoS, which may impair the image reconstruction quality [8] . Different approaches have been so far developed to alleviate this problem, e.g. by means of the SoS mapping [28] or generalized radon transform models assuming geometrical acoustics approximations [8, 29] . Accordingly, here we use the segmented image mask to fit multiple SoS values to the different regions in the image, thus providing an alternative method to address the issue of acoustic heterogeneities without increasing the mathematical or hardware complexity of the imaging problem. To evaluate the performance of the proposed methodology, a two compartment model is considered consisting of the coupling medium outside the imaged object (the background) assigned a given SoS ( b C ) and the region inside the imaged sample assigned with a different SoS ( 0 C ). In this formulation, the method is applicable for any reconstruction algorithm capable of accounting for a known distribution of the SoS, e.g. the filtered back-projection (FBP) algorithm [30] or the interpolated matrix model-based inversion (IMMI) method [31] . Herein, the FBP algorithm was used to automate the workflow in conjuncture with automated SoS calibration. The automated SoS calibration for the image fitted with two values of the SoS was carried out with a normalized variance of the image gradient magnitude using Sobel operator (Sobel+Var) and anisotropic diffusion using consistent gradient operator (Ad-CG), as recently reported by Mandal et al. [7] .
The FBP method is based on a delay-and-sum approach and for a finite number of measuring locations, where the optical energy deposition 
III. EXPERIMENTAL DESCRIPTION

A. Multiple speed of sound fitting
The experiments were conducted using a commercial small animal MSOT scanner (MSOT256-TF, iTheraMedical GmbH, Munich, Germany). The system is designed to acquire crosssectional optoacoustic images using its custom-made 256-element array of cylindrically-focused piezocomposite transducers (5 MHz central frequency) covering an angle of approximately 270° with a radius of curvature of 40 mm. The optoacoustic signals generated with each laser pulse were simultaneously sampled at 40 Mega samples per second by parallel analog to digital converters. Light excitation was provided with the output of a laser beam from a wavelengthtunable optical parametric oscillator (OPO)-based laser, which was shaped to attain ring-type uniform illumination on the surface of the phantoms by means of a custom-made fiber bundle [4] .
B. Tissue Mimicking Phantoms
Two types of tissue mimicking phantoms were developed for testing purposes. The first phantom was designed to mimic a small increment in the SoS. This was achieved with a mixture of agar solution (approximately 2/3 by volume) and glycerine (approximately 1/3 by volume), as described in [29] . As glycerine is hydrophilic, it readily dissolves in the waterbased agar solution. 
C. Small animals imaging
The segmentation performance was also evaluated with invivo mouse images. For this, the animal handling protocols were scrupulously followed under supervision of trained personnel and the imaging experiments were performed in full conformity with institutional guidelines and with approval from the Government of Upper Bavaria. The mice were sedated with Isoflurane and immersed in water bath kept at 34°C using a specialized mouse holder (iThera Medical GmbH, Munich, Germany). Altogether, 30 datasets were acquired from 12 different mice for three different representative anatomical regions, namely (a) brain, (b) liver and (c) kidney/spleen. In addition, two polyethylene tubings containing Indocyanine green (ICG) at 200 nmol concentration were inserted at different depths in a CD1 mouse post mortem in order to quantitatively validate the suggested SoS and light fluence correction methods in real tissues. The mouse was then imaged at different positions along the torso using 10 different wavelengths ranging between 680 and 900 nm. From the multispectral data, the ICG distribution was spectrally unmixed from background tissue components using a semi-automated blind unmixing algorithm termed vertex component analysis [32] [33].
IV. RESULTS
The phantom results are presented in Fig. 1. Fig 1a shows the tomographic reconstruction obtained when a uniform value of the SoS is assumed for both the phantom and the surrounding coupling medium. A single value of the SoS (c=1535m/s) was fitted based on focusing metrics, which visually yields a reasonable reconstruction. However, a closer observation reveals that the difference of SoS between background and phantom has inevitably led to degradation of image quality. Specifically, a zoom in on a selected microsphere reveals that some microspheres in the imaged plane have not been accurately reconstructed due to acoustic mismatch and wrong assignment of the speed of sound distribution. Also, additional artefacts appear at the edge of the phantom, as indicated by the white arrow. Active contour segmentation (and morphological processing as explained in section 2A) was subsequently applied to the tomographic reconstruction in Fig. 1a , yielding the mask displayed in Fig.  1b . The mask allows differentiating between the imaged object and the background region, so that different values of the SoS can be assigned. In particular, the values of the SoS for the sample ( 0 C =1565m/s) and the background ( b C =1515m/s) where estimated based on autofocusing metrics. The corrected tomographic reconstruction obtained by considering the mask in Fig. 1b and the fitted values of the SoS is showcased in Fig.  1c . The zoom in on the same area as in Fig 1a shows a sharper reconstruction of the microsphere. Furthermore, the model using multiple SoS renders a sharper appearance of the edges (marked with a white arrow).
The results of the segmentation-assisted optical fluence normalization are illustrated in Fig 2. First, the optoacoustic image of the tissue mimicking phantoms with two identical tubular insertions was obtained using the IMMI method, as shown in Fig. 2a . It can be readily seen that the two insertions (marked with white arrows) appear with substantially different intensities in the image. Indeed, optical attenuation in the tissue mimicking phantom leads to a lower signal intensity generated for deeper seated objects. Active contours were then used to segment the boundary of the sample, as shown in Fig  2b. Based on the segmented mask (Fig 2c) , the light fluence distribution was obtained with a FVM based simulation assuming uniform light distribution on the boundary of the object and uniform optical properties (Fig. 2d) . Normalization of the optoacoustic image with the estimated light fluence field yields the image displayed in Fig. 2f (Fig 2e is the  reference image without normalization) , in which the two embedded tubings show similar signal intensity as would be expected from absorbers comprising the same concentration of the chromophore.
The applicability of active contour segmentation for realistic in-vivo small animal datasets reconstructed with the IMMI method is showcased in Fig. 3 . The optimum values of the terms in Eq. 3 for in-vivo mouse imaging were heuristically determined by computing the segmentation with different values and assessing the segmentation performances over multiple datasets acquired from the brain, liver and kidney/spleen regions. These regions have image properties and morphologies that are very distinct from each other, thus the properties of the snakes were recalibrated for each region individually. We used 10 datasets for each of the regions and averaged their values to determine the mean parameters, as listed in Table 1 .
Further, the segmentation performance was tested through both heuristically chosen initial starting contour points as well as by using geometrical shape priors for initiating the contour evolution automatically. The experimental results also revealed that the minimum number of contour points that need to be defined for curve initiation is 9, so that this configuration has been used through the rest of the test samples. For better segmentation performance, a Gaussian filtering was further applied to the original images before initiation of the curve evolution. The filter coefficients used for different in-vivo datasets are shown in Table 1 .
The results show high variability of the parameter sets in the brain region, which demands more iteration steps (slower convergence) and yields lower segmentation accuracy. The Dice Coefficient (DC) was then used for characterizing the segmentation accuracy vis-à-vis with user feedback. For this, four independent volunteers performed manual segmentation of the reconstructed images. The current results yielded a DC ≥ 0.9, whereas DC > 0.7 is generally considered as a good segmentation. In this way, a satisfactory performance of active contour models for MSOT image segmentation was confirmed.
The results of the post-mortem imaging studies are displayed in Figs. 4 and 5. Fig. 4 shows an example of a crosssectional image being corrected for the light fluence attenuation effects. The ICG tubings and the average tissues were spectrally unmixed into two components and superimposed with different colormaps after applying the fluence correction for better visualization. It clearly shows that the relative signal intensity increases for the deep-seated tubing after light fluence normalization (Fig. 4b) as compared to the non-normalized image (Fig. 4a) . To quantitatively evaluate the performance of the method, two-dimensional regions of interest surrounding the tubing locations were considered and the relative intensity values were compared before and after light fluence normalization for the different cross-sections (Fig. 4d) . Uniform optical properties were In both cases, the calculated intensity ratios were close to 1 for the normalized cross-sections, which demonstrates that the proposed method can offer good performance with segmented image priors. Thus, in spite of considering a simplified model for representing heterogeneous tissues, an improvement in the quantitative performance of MSOT is achieved.
The post-mortem acquisitions were also used for evaluating the algorithm performance in the case of low contrast ex-vivo images that may yield less accurate segmentation using active contours. Here we first reconstructed an image using backprojection algorithm, whereas focusing matrices with temperature priors were used to determine the most suitable SoS. An initial segmented mask was then obtained by segmenting the reconstructed image, which was morphologically processed to provide a smoother mask. Finally, the obtained mask was employed to build the twocompartment model of SoS. The SoS of the background coupling medium (water bath) was determined using its measured temperature ( 0 C =1515m/s at 34°C). In this article we have successfully demonstrated the applicability of active contour (snakes) segmentation in crosssectional (two-dimensional) tomographic optoacoustic imaging. It was also shown that by using the segmentation results as prior information during the image reconstruction procedure can significantly improve the imaging performance. The performance of active contour models was outlined herein for whole-body segmentation of mice using three representative anatomical regions. The optimum values of the parameters used in the segmentation procedure such as the weighting factors to estimate the image forces or the number and location of the initial contour points were determined heuristically. Specifically, these values were computed over multiple datasets and the segmentation performance was subsequently evaluated. Thereby, these parameters may need to be recalibrated for other tomographic configurations or other biological samples. Further, it is possible to develop strategies to automate the seed point detection through the use of parametric curve fitting models, given a computational overhead [37] . The fitting models can further reduce dependency on human feedback, but do not influence the final segmentation performance.
Acoustic inversion in optoacoustic tomography is commonly conditioned by the differences between the acoustic propagation properties of the imaged tissue versus the surrounding coupling medium. Typically, a uniform nonattenuating medium comprising both the sample and water is assumed for reconstructions, which may lead to an inadequate imaging performance since the average acoustic properties in soft biological tissues are generally different from water. Thereby, identifying regions with different speed of sound or acoustic attenuation or areas with strong acoustic scattering or reflections is essential for optimizing the reconstruction performance. A two compartment model assuming an acoustically homogeneous tissue can then be used as a second order approximation to improve accuracy of the tomographic reconstructions. We have shown that by considering a different SoS in the sample, one can improve the spatial resolution performance when imaging through real heterogenous tissues. Clearly, a similar procedure can be used to segment the imaged medium into three or more compartments in order to further enhance the imaging performance. In a similar manner, optical propagation is very different in a transparent coupling medium as compared to real biological tissues, where photons undergo strong absorption and scattering. Thereby, a two compartment model can also be used as a first order approximation to account for the significant effect of light fluence attenuation, and segmentation of the optoacoustic images is then again essential for this purpose. Normalization with the light fluence distribution is needed for quantifying the concentration of specific optical biomarkers. We have shown that a numerical model assuming homogenous optical properties within properly segmented boundary can already be sufficiently accurate for normalization purposes both in phantom experiments with controlled absorption and scattering as well as in real biological samples. A more accurate estimation of the light fluence within the sample implies detailed knowledge of the spatial distribution of its optical properties, which is very challenging to obtain in living organisms. It was previously shown that iterative light normalization methods may render good performance in numerical simulations [20, 36] but can turn unstable in experimental studies if the scattering coefficient or object boundaries are not accurately estimated [9] . Proper segmentation of the outer boundary of the sample or internal regions having strong changes in optical properties becomes then essential for accurate light fluence normalization in optoacoustic tomography.
In conclusion, optoacoustic image segmentation and analysis is a nascent and emergent area of investigation that holds potential for advanced applications including but not limited to organ segmentation, diagnostic imaging [38] and pharmacokinetic studies [39] . The demonstrated good performance of active contour models for optoacoustic segmentation of real tissues, and the feasibility to account for optical and acoustic discontinuities in the imaged region anticipate the general applicability of the suggested approach for enhancing the resolution and image quality of tomographic optoacoustic reconstructions.
